Home energy management systems can be used to monitor and optimize consumption and local production from renewable energy. To assess solutions before their deployment, researchers and designers of those systems demand for energy consumption datasets. In this paper, we present the GREEND dataset, containing detailed power usage information obtained through a measurement campaign in households in Austria and Italy. We provide a description of consumption scenarios and discuss design choices for the sensing infrastructure. Finally, we benchmark the dataset with state-of-the-art techniques in load disaggregation, occupancy detection and appliance usage mining.
I. INTRODUCTION
Stability issues arise from the progressive installation of renewable energy generation and the diffusion of electric vehicles. Demand response exploits a price signal to reflect fluctuations in the availability of energy in the grid. The price incentivizes the coordination of electrical devices in order to optimize running costs, fostering awareness to increase conservation and efficiency [1, 2] or to automatically schedule the operation of selected devices to off-peak periods [3] . Nevertheless, control strategies might somehow disrupt user's daily life routines. Collecting information of reoccurring activities can increase the effectiveness of control strategies, as they can consider necessities of inhabitants to minimize the discomfort produced. Problems such as load detection and occupancy modeling for HVAC optimization can be solved using well-established data mining and machine learning techniques, which demand suitable datasets.
To enable research on energy and sustainability, publicly available data is necessary to elaborate solutions that work in the real world. In this paper we discuss available energy consumption datasets and present a new publicly available dataset that we name GREEND 1 . The dataset contains power usage information at device level being obtained through a measurement campaign in households in Austria and Italy. We describe the hardware and software setup of the measurement campaign and elaborate the modeling of loads for energy management applications. The paper focuses on the dataset and it is meant to provide metadata describing the involved consumption scenarios. Along with the dataset we are also releasing our code base for the measurement campaign as a 1 GREEND: GREEND Electrical ENergy Dataset. Sourceforge project. The consumption dataset is accompanied by metadata describing consumption scenarios, which can be imported in the nilm toolkit for further analysis [4, 5] . Moreover, we benchmark the dataset by presenting experiences with load disaggregation, occupancy detection and appliance usage mining using state-of-the-art techniques.
The remainder of the paper is as follows. To identify the main requirements of an energy consumption dataset, we survey existing datasets in Section II. In Section III, we report the design of the measurement campaign. We describe our measurement infrastructure and provide a characterization of the deployed scenarios, in terms of both residents and monitored electrical devices. In Section IV-A, we apply a state-of-the art load disaggregation technique based on particle filtering to show a possible application of the dataset. Similarly, in Section IV-B and IV-C we apply the dataset respectively to observe occupancy patterns and mine appliance usage patterns. Section V concludes the paper and anticipates future directions.
II. OTHER CONSUMPTION DATASETS
To overcome the previously introduced challenges, researchers and designers of home energy management systems (HEMS) require consumption datasets where solutions can be assessed beforehand. A widely used dataset in the load disaggregation community is the reference dataset (REDD), publically released by MIT in 2011 [10] . Moved by a similar aim, various other datasets have been shared. As shown in Table  I , the main classification attributes are sampling frequency and characteristics of the signal being measured, active power (P), reactive power (Q), apparent power (S), energy (E), frequency (f), phase angle (Φ), voltage (V) and current (I). Certain datasets, such as REDD and BLUED [8] monitor a small number of households at a high sampling frequency. This depends on the requirements of load disaggregation, where a higher frequency allows for extraction of more representative features capturing the transient behavior [1] . As noticeable in the table, most of datasets were collected in the USA, under a 120V voltage while European countries commonly work under 230V . Moreover, certain peculiarities such as the weather and climate depend on the location of the measurement campaign. To the best of our knowledge, GREEND is the first 1Hz consumption dataset for Austria and Italy. The type and number of devices, as well as the number of monitored households Besides, seasonal consumption behaviors cannot be captured by a short-term measurement campaign, for instance lasting days or months. Also, some datasets monitor different households over different time windows, which makes a comparison of the dwellings impossible. Moreover, the context under which appliances are used over the day is an essential factor determining the complexity of the demand. Therefore, collection should take place in real environments rather than in a lab or on a device testbench. For example TraceBase [12] and ACS-F1 [6] provide consumption tracks of appliances collected in households and offices. While they constitute a great source of device signatures, at the current stage they do not provide information of consumption scenarios, which results in the impossibility to analyze device interdependence. GREEND is meant to overcome these limitations as it will be explained in the following section.
III. DATASET FOR ITALY AND AUSTRIA

A. The consumption dataset
The measurement campaign is carried out within the MON-ERGY 2 project, in which we aim at proposing solutions to reduce energy consumption in the Austrian (AT) region of Carinthia and the Italian (IT) region of Friuli-Venezia Giulia. In particular, we identified the following requirements:
• Features: For the selection of the features of interest we considered the requirements of load disaggregation applications, as they are generally stricter than user and appliance modeling [14] . Accordingly, we decided to collect active power measurements at 1Hz, as this allows the identification of more than 8 devices through load disaggregation algorithms [1] . Each entry is associated to a UTC Unix timestamp so that measurements can be matched to contextual data such as weather.
2 http://www.monergy-project.eu • Device selection: The selection of devices followed the energy hogs identified in [2] . We favored diversity in the dataset to promote multiple applications. However, we faced issues in accessing certain devices in Austria. For instance, electric boilers are commonly connected to a separated meter to be charged with a reduced energy tariff. • Household selection: The selection of householders was driven by the findings identified in [2] . In particular, we wanted to promote diversity of scenarios, for instance involving different types of dwellings and consumers. A more detailed description of the scenarios is reported in Section III-B. • Campaign duration: The campaign was designed to last one year, in order to observe and be able to model seasonal consumption behavior of inhabitants. The first household is being monitored (#0) since the end of December 2013. Most of other households followed in January 2014, while the last two platforms (house #6 and #7) were deployed in May.
B. Deployment
At the time of writing, we are collecting consumption data in the following scenarios: 
C. Measurement setting
Our deployment consists of an ARM-based platform (e.g., Raspberry Pi or BeagleBone) connected to an Anker Astro E5 15000mAh external battery 3 , as well as a Plugwise Basic kit 4 . The Plugwise kit consists of a Zigbee network of 9 sensing outlets, each collecting active power measurements from the connected load. The developed daemon uses the open source python-plugwise library and it is freely available both as a sourcecode and as a ready-to-use SD image 5 . The daemon is based on a collector script and a manager script. The manager is started at boot up by crontab. Its task is to make sure that a collection script is running and that the running version is the latest available. To this end, the manager periodically checks (default is 5 hours) the presence of new versions on the Monergy servers, and when necessary, it replaces the current version with the newest available. In this way we can push updates to all households without needing to access each and every unit (see Fig.1 ). The collection takes place in epochs. At each epoch, the system collects power measurements from each node and sleeps for the remaining time. To provide periodicity, in presence of failures such as mispelled packets, nodes are skipped and retried at the end of the epoch if there is time. In addition, a backoff time is used to manage faults, such as the ones resulting from temporary erroneous states or disconnection of nodes from the network. As for the data storage, the daemon can work under 4 different modalities: i) local storage as a daily comma separated value (CSV) file, ii) remote storage on a mysql server with visualization and quick download (See Fig.  2) , iii) a combination of i and ii for double backup, iv) daily csv file uploaded via sftp to the Monergy server. While the latter is preferred, it was necessary to employ the first method in houses #1 and #7 due to missing internet connection. 
IV. CASE STUDIES
The introduction of smart metering produces fine-grained energy consumption data allowing for the extraction of more valuable information of energy production and demand compared to having only an energy balance over an extended period of time. Energy management systems (EMS) can be used to better manage local consumption and production from renewable sources. Beside providing consumers with feedback regarding used appliances and their operational costs, this might also support appliance scheduling in order to minimize costs. In this section, we report 3 case studies dealing with consumption information: i) load disaggregation, ii) occupancy detection, and iii) appliance usage modeling.
A. Non-Intrusive appliance load monitoring
Non-intrusive load monitoring (NILM), also known as load disaggregation, is the problem to detect and to classify appliances from the total household power draw, based on specific characteristics of electrical devices. Specifically, NILM tries to solve the disaggregation of aggregated appliance power loads under the influence of noise in measurements and models. NILM was initially presented by Hart [15] , although various approaches were later presented. It is generally possible to distinguish between supervised and unsupervised techniques, depending on the necessity of labeled data to train the classifier. Nevertheless, there exists no NILM algorithm able to solve the problem in all its aspects. Our evaluation is based on the load disaggregator presented in [16] , which uses particle filtering (PF) to estimate the appliance state of all used appliances. In detail, appliances are model as a hidden Markov model (HMM), whose states define device states and are associated to the respective power demand. Furthermore, the appliance models are combined into a factorial hidden Markov model (FHMM) modeling the total household power demand. The PF is used to estimate the household power demand according to the given appliance models. Thereafter, a simple decision marker determines the appliance condition and operational state, based on thresholding and the given appliance models. For the evaluation we used the data of house #0 and #1 for 7 consecutive days. As the PF is mainly dependent the number of used particles, we empirically identified 1000 as the appropriate number. The aggregated power draw is composed by 6 different appliances which are listed in Table III . Beside the used appliances also the reached accuracy of the proposed load disaggregator is presented. In this context, the accuracy (ACC) is defined as:
where T P (true positives) is the number of times an appliance is correctly detected as ON, T N (true negatives) is the number of times an appliance is correctly detected as OFF, while N is the number of samples in the observation window. The results in Table III show that the presented dataset can be applied as a reference dataset to load disaggregation problems. The complexity of the problem can be adjusted according to the used appliances and corresponding appliance model (on/off device such as the water kettle or multi-state devices such as the dishwasher) and the number of aggregated power loads.
B. Occupancy detection
Occupancy detection is the problem of inferring presence of people in environments. Many different approaches have been considered in the literature: motion detection, doors opening, use of acoustic sensors and/or cameras, use of GPS and localization systems through smart phones. Nevertheless, only a few works propose to use energy consumption data to develop occupancy detection techniques [17] . To this end, the assessment of occupancy detection requires suitable datasets, offering either an aggregated or a disaggregated power draw, along with a description of consumption scenarios. In particular, the presence of user-driven devices is relevant to assume presence in the environment. It is important to specify whether residents can postpone the operation of user-driven devices, as this will condition consumption-based approaches. A simple approach based on the use of energy consumption data to detect occupancy was presented in [17] . Therein, the authors developed an algorithm called non-intrusive occupancy monitoring (NIOM). In particular, NIOM guesses the presence of people at home by comparing the average, the variance and the maximum value of the current power consumption with threshold values. The threshold values are computed during inactivity periods, namely when the activity of residents does not add power consumption to the baseline consumption, e.g., the consumption of devices such as fridge, HVAC systems etc. Accordingly, the thresholds are computed every night when people are supposed to sleep. As both power values and threshold values are computed over time slots of fixed duration, the duration of the slot is an important parameter affecting the estimation. Although occupancy detection through energy consumption observation is a cheap and non-intrusive solution, it is shown being rather inaccurate in determining the occupancy during periods of inactivity.
In order to give an example on the use of the GREEND dataset to study occupancy, we consider the house #4. We chose this scenario because we have measured the total power consumption, which allows for better estimating the baseline during inactivity periods. We consider two months of measurements (February and March 2014) and we apply the NIOM algorithm as described in [17] . The time slot duration is chosen equal to 15 minutes. We consider two cases, the weekdays (WDs) and the weekend days (WEs). This is because the analyzed power consumption greatly differs in these two circumstances as it can be seen in Fig. 3c and Fig. 3e , where the 99th percentile of the energy consumption during WDs and WEs are shown. The baseline, within which the baseline threshold values are computed, was chosen at night between midnight and 6.30 AM. Fig. 3a reports the occupancy obtained applying the NIOM algorithm over three consecutive days. Fig.  3b and Fig. 3d respectively show the probability of occupancy obtained for WDs and WEs. We first notice that, as expected, the results obtained between midnight and 6.30 AM do not indicate any activity.We notice a good agreement between the derived probability of occupancy and the habits of residents. Residents stated that during WDs, they usually wake up at 6.45 AM, leave around 8.00 AM to go to work and are back home around 6.00 PM. During WEs residents tend to spend more time at home during the day and they go out at night coming back home around midnight.
C. Appliance usage modeling
Mining appliance usage patterns concerns the extraction of models describing how appliances are used by residents, given a sequence describing changes on their operational state. Given log data describing status changes of electrical devices, the extraction of models describing the usage of devices can be achieved using different approaches, such as association rule mining, artificial neural networks, hidden Markov models and Bayesian networks. To show a possible application of the dataset, we propose to use a Bayesian network (BN) to predict the usage of user-driven devices. A BN is a probabilistic graphical model encoding the joint probability distribution of a set of random variables. A BN G = (V, E) is a directed acyclic graph (DAG) whose nodes V = {X 1 , . . . , X n } are random variables, while dependency between variable is represented by edges such as E = X i → X j , and quantified by the conditional probability P (X j |X i ). In particular, each node is associated to a conditional probability distribution (CPD) quantifying the effect the parents have on the node, that is
The approach undertaken follows the work presented in [19, 20] from which we derived the network structure. Because of the limited length of the dataset at time of writing we decided to omit seasonal information expressed through the month (see Fig. 4 ). As a first step, we processed the daily CSV files collected in the household ID#0 and extracted starting events for each monitored device. The BN was implemented using the Netica 6 tool. In particular, we used expectation maximization (EM) to perform parameter learning for the given network and we used the junction tree (JT) algorithm to perform exact inference. Netica provides APIs for various programming languages, making the learned model applicable in working solutions. The plot in Fig.5 reports the posterior probability of starting the coffee machine of household ID#0, given the observations day of the week (i.e. weekday, Saturday and Sunday) and hour of the day. As noticeable, the patterns of coffee making tend to be regular over the day. The modeled couple tends to wake up earlier during weekdays, which was confirmed by an interview with the householders. 
V. CONCLUSIONS AND FUTURE WORK
We have presented the GREEND consumption dataset, obtained through a measurement campaign in households in Austria and Italy. The dataset is available for open use and consists of consumption data of selected devices. Along with the dataset we have also released our code base for the campaign as a Sourceforge project. This includes the scripts to collect consumption data and a ready-to-use SD image for the Raspberry Pi, as well as processing scripts that can be used to extract edges and consumption events, based on configurable device-specific thresholds. The consumption data and the metadata modeling the consumption scenarios can be directly imported into the nilm toolkit. We expect our contribution to be of value for researchers and engineers dealing with domestic energy management systems. To this end, we showed the use of GREEND to develop and assess techniques for load disaggregation, occupancy detection and appliance usage mining. We expect to extend the monitoring campaign to collect aggregated consumption data at a higher frequency, as this allows for modeling the whole demand, which is a valuable information when emulating microgrids and assessing control strategies at a wider scope. Similarly, we plan to include data concerning production from renewable energy, as it can be of value to forecast energy generation. The presence of temporal information, along with the locality and therefore the weather, will allow for the extraction of seasonal consumption patterns. The long term measurement campaign carried out within MONERGY will provide the time span to allow this type of studies. We expect to ultimately provide ready-to-use models of the regions, that can be imported in simulation tools for smart grid applications.
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